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Abstract 

Cotton stands as a pivotal crop globally, offering fibers for clothing, feed for livestock, and oil for diverse 
industries Nonetheless, its production faces a myriad of threats from various diseases that jeopardize yield 
and quality. To address this challenge, a proposed model advocates for the creation of an application merging 
Flutter, a cross-platform mobile development framework, and Convolutional Neural Network (CNN) for 
efficient disease identification in cotton plants. The proposed system aims to design a user-friendly interface, 
train a CNN model with a substantial dataset to achieve an average of 85% accuracy, integrate the model 
with Flutter for both online and offline disease identification, and assess the app's usability across diverse 
user groups. The envisioned systems holds transformative potential in Precision Agriculture, enabling swift 
disease identification for targeted interventions and reduced reliance on broad-spectrum pesticides. It serves 
as a Crop Monitoring Service for experts, aids in farmer education on cotton diseases, and contributes to 
research and development by collecting data on disease patterns. Furthermore, it enhances Crop Insurance 
Assessment, expediting claims processing with accurate disease identification. Positioned as a pioneering 
solution for cotton disease management, the app promises to elevate crop productivity, quality, and 
profitability, while concurrently enhancing the knowledge and skills of stakeholders in the agricultural sector. 
Keywords: Cotton diseases, Flutter, Convolutional Neural Network (CNN), Precision Agriculture, Crop 
Monitoring Services, Crop Insurance Assessment. 


1. Introduction 


Cotton, a versatile crop pivotal for clothing, livestock 
feed, and industrial oil, faces a constant threat from 
diverse diseases that plague its yield and quality. 
Early and accurate disease identification [1], [5], [7] 
is crucial for effective management, minimizing 
losses, and ensuring crop sustainability. However, 
traditional methods often rely on expert knowledge, 
field visits, and laboratory analyses, which can be 
time consuming, expensive, and limited in 
accessibility. This research introduces a novel 
solution to bridge these gaps: a smartphone-based 
application powered by Flutter [10], [12], [13], [14] 


International Research Journal on Advanced Engineering Hub (IRJAEH) 


and Convolutional Neural Networks (CNNs) [2] to 
identify cotton diseases from captured images. This 
proposed model presents a comprehensive approach 
to cotton disease identification through a user- 
friendly mobile application. Flutter's cross-platform 
capabilities are leveraged to reach a wider audience, 
while CNNs, a proven deep learning technique [3], 
[4], provide robust image recognition for disease 
classification. By integrating these technologies, we 
achieved the objectives by developing a user-friendly 
interface to facilitate capturing and uploading cotton 
plant images with intuitive features, making it 
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accessible for users with varied technical 
backgrounds. Building a high-accuracy CNN model 
[8], [9], [11], [15] utilizing a large dataset of cotton 
disease images are used to train and test a CNN 
model in disease identification. Facilitating offline 
and online modes; the app will operate both online 
and offline, allowing farmers in remote areas or with 
limited internet access to benefit from its capabilities. 
This mobile application holds immense potential to 
revolutionize cotton disease management. By 
empowering farmers with rapid and accurate 
diagnosis, we can pave the way for precision 
agriculture. [6] Targeted interventions based on 
2. Experimental Methods or Methodology 
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identified diseases can minimize pesticide use and 
optimize crop health. Enhanced crop monitoring, 
remote diagnostics enabled by the app, can improve 
crop monitoring services for multiple farms, 
facilitating timely interventions and informed 
decision-making. This proposed model can also 
serve as an educational tool, equipping farmers with 
knowledge about cotton diseases, prevention 
strategies, and treatment options. Accurate disease 
identification can simplify claim assessments for 
insurance companies, leading to faster processing 
and improved risk management. 


Pre-Processing: Smoothing Filter, 
RGB to Gray Color Conversion 


Image segmentation: RGB to HSV 
conversion using K-means 
clustering algorithm 


Feature Extraction Using Histogram 
Equalisation 


Image Classification 


Healthy plant 


Diseased plant 


Figure 1 CNN Pooling Layer Architecture 


2.1 Data Acquisition and Preprocessing 
Data acquisition and preprocessing are critical stages 
in developing a robust model for the proposed cotton 
disease identification system. The acquisition phase 
involves sourcing a comprehensive dataset, 
encompassing 23,692 training images and 5,921 
validation images belonging to six distinct classes of 
cotton plant diseases, namely Aphids, Army Worm, 
Bacterial Blight, Healthy, Powdery Mildew, and 
Target Spot. These images are meticulously 
organized into training and validation directories, 
denoted as "training" and "validation," respectively. 
Figure 1 elaborates the process of the proposed 
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system. The dataset is instrumental in training the 
Convolutional Neural Network (CNN), a deep 
learning architecture chosen for its prowess in image 
recognition tasks. During the preprocessing stage, 
images undergo various transformations, including 
resizing and normalization, to ensure uniformity and 
facilitate efficient model training. The data is 
augmented through techniques such as rotation, 
flipping, and zooming, enriching the dataset and 
enhancing the model's ability to generalize to unseen 
data. Additionally, the CNN model is trained to 
achieve an average accuracy of 85%, a pivotal 
benchmark for reliable disease identification. The 
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integration of Flutter, a cross-platform mobile 
development framework, ensures a_ seamless 
interface for the end-users, facilitating both online 
and offline disease identification. The envisioned 
system, with its robust data acquisition and 
preprocessing strategies, holds promise in 
revolutionizing Precision Agriculture, providing 
swift and accurate disease identification for targeted 
interventions. The technical intricacies of acquiring 
and preprocessing data play a foundational role in the 
success of the proposed system, contributing to its 
potential to enhance crop productivity, quality, and 
profitability while advancing agricultural research 
and development. 
2.2 CNN Model Design and Training 

In the endeavor to devise an effective Convolutional 
Neural Network (CNN) model for disease 
identification in cotton plants within the proposed 
agricultural application, a meticulous focus on 
technical intricacies was paramount. The chosen 
architectural foundation for this model was the 
Pooling Layer architecture, renowned for its ability 
to tackle the vanishing gradient problem and 
facilitate the training of exceedingly deep networks. 
The network comprised multiple residual blocks, 
each containing skip connections that facilitated the 
flow of information through the layers. Leveraging 
the power of transfer learning, a pre-trained Pooling 
Layer model was utilized as the base, with its weights 
initialized on a large-scale image dataset. The CNN 
model was then fine-tuned on the specific cotton 
plant disease dataset, incorporating six distinct 
classes, namely Aphids, Army Worm, Bacterial 
Blight, Healthy, Powdery Mildew, and Target Spot. 
Augmentation techniques, including _ rotation, 
flipping, and zooming, were systematically applied 
to diversify the dataset and enhance the model's 
generalization capabilities. Subsequently, the model 
underwent an exhaustive training phase using a 
categorical cross-entropy loss function and the Adam 
optimizer. The training process unfolded over 
multiple epochs, with the model iteratively adjusting 
its weights to minimize the loss function. Rigorous 
validation was conducted to assess the model's 
performance on an independent dataset, gauging 
metrics such as accuracy, precision, recall, and Fl 
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score. The ultimate objective, meticulously pursued, 
was to achieve an average accuracy of 85%, 
indicative of the model's robust discriminatory 
capacity. The resulting CNN model, intricately 
tailored to the nuances of cotton plant diseases, 
embodies a sophisticated amalgamation of Pooling 
Layer architecture, transfer learning, and meticulous 
training methodologies, thereby underscoring its 
technical prowess in the context of agricultural 
precision and disease management. 
2.3 App Development and Integration 
In the realm of app development and integration, this 
project leverages Flutter, a cross-platform mobile 
development framework, synergistically interfacing 
with a Convolutional Neural Network (CNN) for 
efficient disease identification in cotton plants. The 
model, trained on a substantial dataset with six 
classes including Aphids, Army Worm, Bacterial 
Blight, Healthy, Powdery Mildew, and Target Spot, 
exhibits an average accuracy of 85%. The system 
seamlessly integrates the trained CNN model with 
Flutter, ensuring a user-friendly interface for both 
online and offline disease identification. With 
designated directories for training and validation 
data, encompassing 23,692 training images and 
5,921 validation images, the project demonstrates 
transformative potential in Precision Agriculture. 
The app serves as a Crop Monitoring Service, 
facilitating targeted interventions and minimizing 
reliance on broad-spectrum pesticides. Furthermore, 
it contributes to research and development by 
collecting valuable data on disease patterns, 
enhancing Crop Insurance Assessment, and 
expediting claims processing through accurate 
disease identification. Positioned as a pioneering 
solution, this app holds promise for elevating crop 
productivity, quality, and profitability while 
fostering knowledge enrichment in the agricultural 
sector. 
2.4 Evaluation and Usability Testing 

The proposed theory underwent rigorous Evaluation 
and Usability Testing, ensuring robustness and user- 
centric design. Technical assessments involved 
scrutinizing the  precision-recall curves and 
confusion matrices to gauge model performance. 
Cross-validation techniques were employed to 
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validate the Convolutional Neural Network (CNN), 
optimizing hyperparameters such as learning rates 
and batch sizes. Flutter's Hot Reload feature 
facilitated rapid prototyping and iterative UI 
refinements, enhancing user experience. A/B testing 
was leveraged for comparative analysis between 
online and offline modes. Additionally, performance 
metrics like Fl score and accuracy’ were 
meticulously measured to ascertain the system's 
effectiveness across diverse user groups, affirming 
its technical prowess in disease identification for 
cotton plants. 

3 Results and Discussion 

3.1 CNN Model Performance 
The proposed system is trained using a CNN model 
based on the Pooling Layer architecture for disease 
classification. During training, data augmentation 
techniques (random flips, rotations, and brightness 
adjustments) are adopted to increase the size and 
diversity of the training dataset, ultimately 
comprising 23692 images representing Aphids, 
Army Worm, Bacterial Blight, Healthy, Powdery 
Mildew, and Target Spot. Hyperparameter tuning 
was performed using a grid search strategy, 
optimizing the learning rate, optimizer, and batch 
size to achieve the best model performance. The final 
model achieved an accuracy of 0.8566 at epochs 20 
on the validation set, exceeding the target of 85%. 
The confusion matrix revealed high sensitivity and 
specificity for most diseases, with minor 
misclassifications occurring primarily between 
visually similar symptoms or early stages of 
infection. 

3.2 CNN Pooling Layer Prediction 
Convolutional Neural Network (CNN) was trained 
on a dataset comprising images of diseased cotton 
plants. The CNN architecture included pooling 
layers to enhance feature extraction and spatial 
hierarchies within the images. The training process 
involved 20 epochs, with a gradual improvement in 
both training and validation accuracy. The final 
model achieved an accuracy of 82.70% on the 
training set and 85.18% on the validation set. For the 
prediction phase, the model successfully classified a 
sample image, assigning it to the "Bacterial Blight" 
class with a high confidence score of 99.98% as 
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mentioned in Figure 2. The prediction results also 
included probabilities for other classes, such as 
Aphids, Target Spot, Army Worm, Healthy, and 
Powdery Mildew. Furthermore, the model's 
performance was evaluated using precision, recall, 
and F1 score metrics, along with a confusion matrix. 
The overall precision was measured at 96.65%, recall 
at 94.98%, and an F1 score of 83.99%. The confusion 
matrix revealed the model's ability to distinguish 


between different classes of diseases in cotton plants. 
Prediction Probability 
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Disease 


Figure 2 Prediction Line Graph 

3.3 User Experience and Usability 
The Flutter app was designed with a user-friendly 
interface, utilizing intuitive icons and _ clear 
instructions for capturing and uploading images. 
Field tests with farmers representing different 
experience levels and technological familiarity 
demonstrated high user acceptance and ease of use. 
The average time to capture an image and receive a 
disease diagnosis was highlighting the application's 
efficiency. Surveys revealed an overall satisfaction 
score of 85, with farmers particularly appreciating 
the accessibility and rapid disease identification 
capabilities. Disease Identification, Accuracy Graph, 
and Application UI images are shown in Figures 3, 4 
& 5. 


Figure 3 Application UI 


Figure 4 Disease Identification 
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Figure 5 Accuracy Graph 

3.4 Real-World Testing and Applications 

To assess the effectiveness of the application in 
practical settings, we collaborated with some native 
farmers. Farmers deployed the app in their fields to 
monitor and diagnose potential diseases throughout 
the cotton growing season. The results revealed 
several key benefits such as prompt identification of 
diseases led to 50% reduction in pesticide use 
compared to traditional visual inspection methods. 
This not only benefited the environment but also 
reduced cost-burden for farmers. Disease diagnosis 
facilitated informed decision-making regarding 
specific interventions, such as targeted fungicide 
application or adjusted irrigation practices. This 
resulted in 85% increase in crop yield compared to 
control groups without the app. The app served as a 
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valuable educational tool, allowing farmers to 
readily learn about different cotton diseases, their 
symptoms, and _ prevention strategies. This 
knowledge dissemination empowered farmers to 
become more proactive in managing their crops. 
Conclusion 

This research project demonstrates the potential of 
a smartphone-based cotton disease identification 
application powered by Flutter and CNNs. The 
developed app showcased high accuracy, user- 
friendliness, and tangible benefits in real-world 
testing, leading to improved crop health, increased 
yield, and knowledge sharing among farmers. 
While challenges remain in expanding the dataset 
scope and optimizing offline performance, future 
research directions offer promising avenues for 
further development and impact. This technology 
has the potential to revolutionize cotton disease 
management, empowering farmers and facilitating 
a more sustainable and secure cotton production 
landscape. 
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